However, the results of these analyses are highly sensitive to crop type, extrapolation technique, and calibration data . Moreover, the ability to validate the performance of such a model is limited, because crop-specific field data remain sparsely available at the global scale . Currently, average yield-potential estimates reported in the literature vary by nearly an order of magnitude, from 6.9 to 60 megajoules (MJ) per square meter (m 2 ) per year (Haberl et al. 2010) , which significantly contributes to variability in global bioenergy potential estimates, which have been documented to range from roughly 5% to as high as 300% of the 2009 global primary energy consumption (GPEC09; Haberl et al. 2010 , USEIA 2011 .
Reducing the range of variability associated with current estimates of bioenergy potential represents a significant first step toward a more quantitative understanding of the scale of bioenergy as a future energy source. Here, we estimate primary bioenergy potential (PBP)-or bioenergy potential before energy conversion losses (e.g., during liquefaction)-from satellite-derived net primary productivity (NPP) data (from NASA's Moderate-Resolution Imaging Spectroradiometer [MODIS] ; see, e.g., Running et al. 2004 , Zhao et al. 2005 , Zhao and Running 2010 . NPP varies as a function of multiple factors, including vegetation type, soil type, climate, and management (Vitousek et al. 1986 , DeFries 2002 , Haberl et al. 2007 . At the global scale, C limate change policy and concerns regarding future energy security continue to stimulate an unprecedented rise in the production of bioenergy-a renewable energy source with the potential to reduce greenhouse gas emissions (Haberl et al. 2010 , Chum et al. 2011 ). However, determining the scale at which bioenergy can be sustained globally requires knowledge of two complex factors: (1) future land availability for bioenergy production and (2) future yield expectations (Haberl et al. 2010) . These factors are not independent; yield potential greatly varies depending on land quality, which, in turn, is largely determined by biophysical (e.g., solar radiation, temperature, precipitation) as well as management (e.g., irrigation, fertilization) factors.
Numerous researchers have attempted to resolve bioenergy potential at the global scale using a wide range of methodologies. Most commonly, crop-specific average yield values recorded at the plot level have been applied across land areas considered suitable for bioenergy production (Hoogwijk et al. 2005 , Smeets et al. 2007 , van Vuuren et al. 2009 , Pacca and Moreira 2011 . However, this type of approach can greatly overestimate biofuel potential, because average yield values do not reflect variations driven by biophysical factors and management practices (Johnston et al. 2009) . Others have applied process models that combine plot-level yield-potential estimates, spatially explicit climatic data, and management practices to more realistically estimate spatial variability in yield (Erb et al. 2009 , Beringer et al. 2011 . Forum however, the conversion of natural ecosystems to agricultural lands has been shown to result in significant reductions in NPP (Vitousek et al. 1986 , DeFries 2002 , Haberl et al. 2007 ). In fact, Haberl and colleagues (2007) estimated that large-scale cropland productivity is consistently lower than that of the natural vegetation it replaced, independent of landcover type or region. Only under intensive management (i.e., irrigation or fertilization), which is often limited to relatively small scales because of resource availability, has cropland productivity been shown to exceed that of the natural potential (DeFries 2002 , Haberl et al. 2007 ). However, even in these relatively localized cases, DeFries (2002) showed that cropland productivity does not exceed decadalscale variability in natural productivity, which reveals the limited potential for increasing productivity beyond that of the natural vegetation. Because current bioenergy systems are subject to similar agriculture-based management practices, we argue that constraining yield potential to natural observed rates of NPP represents a realistic upper-envelope evaluation of PBP.
MODIS-derived NPP quantifies current terrestrial biomass growth capacity for every square kilometer (km 2 ) of the entire 110 million km 2 of vegetated Earth by integrating remotely sensed vegetation dynamics (e.g., the fraction of photosynthetically active radiation and leaf area index data) and global climatic data (e.g., temperature and moisture; Zhao et al. 2005) . Using MODIS-derived NPP in a top-down evaluation of PBP removes the need for extra polation of plot-level observed yields, which, as was mentioned above, generally overestimates PBP. Satellite data has been previously used to assess the bioenergy potential of abandoned agricultural land, as was described by Campbell and colleagues (2008) and by Field and colleagues (2008) . Our analysis builds on these previous studies in that we consider all vegetation and then systematically remove landcover types according to current availability. Thus, we provide a continuous quantification of PBP across broad land-use scenarios, which elucidates the relationship between land availability and yield potential and allows for comparison across all current bioenergy analyses, independent of landuse assumptions. Ultimately, our objective with this study is to estimate the upper envelope for global bioenergy production across future land-use options, using MODIS NPP as the most geographically explicit measure of the current growth capacity of the terrestrial biosphere (Running et al. 2004 , Zhao et al. 2005 , Zhao and Running 2010 .
Calculating global bioenergy capacity from satellite data In the following sections, we describe the approach we followed in calculating global bioenergy capacity.
Global satellite-derived vegetation productivity. We started our analysis with MODIS NPP data as a fundamental constraint on global bioenergy potential (Running et al. 2004 , Zhao et al. 2005 , Zhao and Running 2010 , Smith et al. 2012 ).
The MODIS NPP algorithm, as was described by Running and colleagues (2004) , was used to calculate the 2000-2010 MODIS NPP with a 1-km 2 resolution. Eight-day composite 1-km 2 -resolution fraction of photosynthetically active radiation and leaf area index MODIS Collection 5 data products were used as remotely sensed vegetation property dynamic inputs (Running et al. 2004) . For the daily meteorological variables required to drive the algorithm, we used data obtained from the Data Assimilation Office data sets (Schubert et al. 1993) . The 2000-2010 MODIS NPP data were averaged and aggregated to a 10-km 2 spatial resolution (figure 1). For more detail, as well as a validation of the MODIS GPP/NPP algorithm, see Running and colleagues (2004) , Zhao and colleagues (2005) , and Running (2010, 2011) .
Global landcover classification. We used a 10-km 2 -resolution composite landcover classification consisting of socioeconomically relevant land-use types, including cropland, pastureland, forestland, rangeland, protected land, and low-productivity land (figure 1). We did not consider urban-dominated or barren landcover classes, because they contribute negligibly to global vegetation productivity (Zhao et al. 2005 ); our definition is based on University of Maryland (UM) MODIS landcover data (Friedl et al. 2010) . Data from Ramankutty and colleagues (2008) were used as the basis for our crop-and pastureland definition. Ramankutty and colleagues (2008) defined cropland to include permanent and temporarily (less than 5 years) fallow croplands only, whereas pastureland was defined to include permanent (more than 5 years) pasturelands specifically managed for livestock grazing. For both crop-and pasturelands, we converted percentage-coverage data to discrete data using a 40% occupancy threshold, meaning that a given pixel was reclassified as occupied if the landcover type of interest had a percentage coverage greater than or equal to the threshold. In the case in which both crop and pasture coverage was greater than or equal to the threshold, the pixel was characterized according to the landcover type with the greater percentage coverage. Forestland was defined with UM MODIS landcover data (Friedl et al. 2010) as the combination of evergreen needleleaf, evergreen broadleaf, deciduous needleleaf, deciduous broadleaf, and mixed forest landcover types. Rangeland was classified as all remaining vegetated (i.e., not barren) land as defined by UM MODIS landcover data (Friedl et al. 2010) .
In addition, we partitioned natural landcover types (i.e., forests and rangelands) as either accessible or remote ( figure 1), using human footprint index data set, which accounts for accessibility by incorporating information on roads, major rivers, and coastlines (SEDAC 2005) . Remote lands represent the lowest 15% of human index scores, which is roughly equivalent to the 15% least accessible land globally (SEDAC 2005) . Protected regions were classified as only areas of strict protection, including national parks and nature reserves, according to World Database on Protected Areas data (www.
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(e.g., establishment, management, harvest) exceed potential energy outputs (Nonhebel 2002 , Schmer et al. 2008 . The resulting area, considered low productivity, was estimated to wdpa.org). Finally, we classified low-productivity land using a productivity threshold of 150 grams (g) of carbon per m 2 per year, the threshold at which harvest energy inputs e.g., sawdust). Harvest pools were estimated at a spatial resolution of 10 km 2 in the manner described in box 1.
Maximum sustainable agricultural and forestry harvest. The maximum sustainable harvest (MSH)-defined as the maximum possible harvest without affecting future yields and nutrient cycling-was estimated for potential agricultural land (i.e., current cropland, pastureland, accessible range, and remote range) and potential forestry land (i.e., accessible forests and remote forests) according to box 1. We did not consider the conversion of forest to agricultural land, because it has been well documented that this type of landcover conversion results in a net detrimental climate change impact (Tilman et al. 2009 figure 2d ), defined to Box 1. Calculating current agricultural and forestry harvest.
Harvest (H) pools, including total harvest (H TOTAL ), recoverable harvest (H REC ), harvest losses (H LOSS ), and harvest residues (H RES ), were estimated at a spatial resolution of 10 square kilometers according to the equations below. For the total harvest,
where r abv and y total represent literature-derived aboveground net primary productivity and total aboveground yield-potential ratios, respectively. For agricultural harvest, r abv and y total were estimated as .83 (with a range of .80-.85) and 1.00 (with a range of .90-1.00), respectively, which represents the global average for four dominant global crops (i.e., maize, rice, wheat, and soybean), accounting for 70% of global agricultural land (Roy et al. 2001 . Because of significant spatial variability in forestry harvest, r abv and y total were estimated regionally (figure S1; UNSD 2011) according to literature-derived aboveground ratios and average harvest volume data (see supplemental table S1, available online at http: //dx.doi.org/10.1525 /bio.2012 Roy et al. 2001, http://faostat.fao.org) . H TOTAL was calculated as the sum of all agricultural or forestry pixels (n). H REC , H LOSS , and H RES were estimated as proportional to H TOTAL , according to equations 2-4:
where y rec , y res1 , and y res2 represent literature-derived yield-potential ratios describing the average proportion of H TOTAL recovered at the time of harvest, the proportion of H LOSS recoverable without affecting nutrient cycling (primary residuals), and the proportion of H REC available following harvest processing (secondary residuals), respectively. For agricultural harvest, y rec and y res2 were estimated to be .50 (range = .40-.60) and .10 (range = .05-.15), respectively . For forest harvest, y rec and y res2 were estimated to be .80 (range = .70-.90) and .40 (range = .30-.50), respectively (Haberl et al. 2007 , Smeets et al. 2007 ). Finally, y res1 was estimated to be .30 (range = .25-.35) for both agricultural and forestry harvest (Smeets et al. 2007, Gregg and Smith 2010) . A summary of the calculated global agricultural and forestry harvest pools is presented as a function of region in tables S2 and S3, respectively. Also, a spatial representation of total harvest (H TOTAL ) is shown in figure S2 . For additional methodological details, see Smith and colleagues (2012 figure S2 ), which is consistent with the estimates of 1.0 and 1.1 Pg C per year reported by Haberl and colleagues (2010) and Vitousek and colleagues (1986) , respectively.
Global primary bioenergy potential
We estimated the biospheric capacity for bioenergy (PBP CAP ) to be 727.5 exajoules (EJ) per year over 110.1 million km 2 (table 3a, figure 3 ). With the removal of unavailable sources (i.e., current crop and forestry harvest, protected land, and low-productivity areas), PBP MAX was reduced to 548.4 EJ per year over 55.2 million km 2 , with an associated yield-potential range from 3.0 to 14.8 MJ per m 2 per year (table 3a, figure 3) . Regionally, subSaharan Africa (26.8%), South America (24.2%), North America (11.1%), Eastern Europe (9.5%), and Central Asia (6.5%) accounted for 78.1% of the total PBP MAX ( figure 4). The removal of low-availability sources (i.e., accessible forest, pastures, and remote regions) resulted in a PBP MOD of 180.4 EJ per year over 9.6 million km 2 (table 3a, figure 3 ). However, the yield-potential range increased to 6.6-18.8 MJ per m 2 per year (table 3a, figure 3). Regional contributions also changed, with subSaharan Africa (28.9%), South America (15.4%), North America (11.9%), Western Europe (11.4%), and Central Asia (7.2%) accounting for 74.8% of the total PBP MOD ( figure 4). Finally, considering only immediately available sources (i.e., current crop and forestry residuals), PBP MIN was reduced to 58.6 EJ per year (table 3a, figure 3) . PBP MIN is highly dependent on the proportion of harvested losses considered recoverable, which is still relatively unresolved in the literature (Haberl et al. 2010) . Nonetheless, our estimate of PBP MIN is within the range reported in the current literature and is therefore representative of current estimates (table 3b; Haberl et al. 2010) . Western Europe (17.9%), North America (16.8%), South Asia (11.8%), sub-Saharan Africa (10.3%), and Central Asia (9.9%) were estimated to account for 66.7% of the total PBP MIN (figure 4). in the range of previously reported values: 59 and 46 Pg C per year, reported by Haberl and colleagues (2007) and Del Grosso and colleagues (2008) , respectively. Croplands were estimated to account for 6.6 Pg C per year over 15.2 million km 2 (table 2, figure 1), which is comparable to the estimates of 6.8 Pg C per year over 14.5 million km 2 and 6.3 Pg C per year over 15.2 million km 2 reported by Haberl and colleagues (2010) and Field and colleagues (2008) , respectively. The current total cropland harvest (H TOTAL ) was estimated as 5.5 Pg C per year over 15.2 million km 2 (table S2, figure  S2 ), which is again within the range of values reported by Haberl and colleagues (2007 figure 5 ). Finally, Pacca and Moreira (2011) used an average yield-potential value of 69 MJ per m 2 per year-the present-day yield potential for sugarcane grown under optimum nutrient availability, temperature, and water availability-to suggest that all the world's automobiles could be powered using only 4% of global croplands (table 3b, figure 5). These studies include different methodological assumptions and involve different time frames (table 3b, figure 5) ; however, they used yield potentials near the upper end of literature-derived estimates, mainly because of the shared assumption of the availability of management practices to mitigate biophysical constraints on crop productivity and yield.
We have shown that these studies used average yields significantly greater than both current crop yields and natural yield potentials (table 3b, figure 5). Because global agricultural yields have been reported as generally less than natural productivity (Haberl et al. 2007) , we argue that these analyses overestimate bioenergy potential by failing to realistically limit the potential for management to overcome natural biophysical constraints on yield potential (table 3b, figure 5 ). Management practices, especially irrigation, has Global primary bioenergy and yield potential We calculated the maximum PBP to range from 35% to 108% of GPEC09 (figure 3; USEIA 2011). A main driver of PBP was average yield potential, which varied with land-use scenario from 6.6 to 12.7 MJ per m 2 per year, a range roughly four times lower than multiple previously published estimates (table 3b) figure 5 ). However, even these yield-potential estimates may still be unrealistic, because our estimates represent upper-envelope natural yield potentials and are likely to overestimate the potential for crop-specific yields (Haberl et al. 2007 ). This is most apparent in figure 5 , in which the trends in productivity on agricultural lands are shown to be significantly less than the productivity trends for all PBP scenarios.
Global primary bioenergy and land use
We estimated maximum land availability for bioenergy cultivation to range from 9% to 50% of total vegetated land area (figure 3), which is at the upper end of the range of values in recent studies (table 3b, figure 5 ). Because our goal was an upper-envelope evaluation of bioenergy potential, we included landcover classes often removed by previous studies, such as remote regions and pastures. Bioenergy cultivation on these low-availability landcover types has many associated trade-offs. Expansion into remote regions represents been observed to increase productivity above natural rates over relatively localized areas (DeFries 2002 , Haberl et al. 2007 ). Therefore, increases in yield potential above the natural potential-as was reported by Beringer and colleagues (2011)-may be theoretically achievable (table 3b, figure 5 ). However, because of limited freshwater availability and the numerous detrimental effects of fertilization, maintaining yield potentials at levels higher than natural rates of productivity would probably be unsustainable over large spatial scales (see the "Natural productivity as a yield-potential constraint" section).
In contrast, our yield-potential estimates are consistent with those from studies in which more restrictive assumptions were used regarding management practices and the influence of biophysical factors on yield potential (table 3b, figure 5 ; Hoogwijk et al. 2005 , Erb et al. 2009 , Haberl et al. 2012 ). Campbell and colleagues (2008) and Field and colleagues (2008) used satellite-derived NPP to calculate current yield potential on degraded agricultural land and reported yield-potential values at the lower end of the yield range reported here (table 3b, figure 5). We attribute this difference to differing landcover assumptions, because degraded lands are known In contrast, in considering only current harvest residues, we estimated a bioenergy potential (PBP MIN ) equivalent to 12% of GPEC09 (table 3a, figure 3). Residuals are an attractive potential energy source because they are currently accessible and do not require additional land use, which reduces the significance of their detrimental impacts (e.g., carbon debt and indirect land-use change). Because current global bioenergy use accounts for approximately 10% of GPEC09 (Haberl et al. 2010) , the use of current harvest residuals has the potential to more than double current global bioenergy use. Potentially easily developed sources of residual bioenergy include forestry slash piles, agricultural field residues, and forestry postprocessing sawdust and debris (Haberl et al. 2010) . However, to fully reach the above-mentioned 12% GPEC09 offset, we estimate that residuals would have to be harvested over 29.9 million km 2 -an area greater than the total extent of North America (table 3b) .
Natural productivity as a yield-potential constraint We based our analysis on the assumption that natural rates of productivity represent an upper-envelope constraint on bioenergy potential, which raises the question of what the potential is for increasing productivity above natural rates. Enhancing productivity beyond the natural potential would require either increased efficiency of light capture roughly 20% of global bioenergy potential (table 2, figure 3) ; however, infrastructure establishment and land conversion in these regions would require large-scale fossil fuel energy inputs, which would result in a significant initial carbon debt in setting up these bioenergy systems (Fargione et al. 2008) . Remote regions are distributed over 27.8 million km 2 (table 2), which means that to reach the full energy potential of these regions, a network of access roads would be required over an area greater than the total extent of North America. In addition, because the average yield potential on remote land is relatively low (table 2, figure 3), the associated time required to offset the initial fossil fuel inputs would be significant, which decreases the attractiveness of remote regions (Fargione et al. 2008) .
More notable, pastures were estimated to account for nearly half of global bioenergy potential over an area of 17.8 million km 2 -an area larger than the total extent of South America (table 2, figure 3). Potential may exist for the conversion of pastures to bioenergy-production land, because only roughly 20% of annual aboveground productivity is consumed by grazers (Haberl et al. 2007 ). However, conversion of pasturelands has already been associated with significant detrimental impacts (McAlpine et al. 2009 , Arima et al. 2011 . For instance, Arima and colleagues (2011) documented that deforestation rates in the Brazilian Amazon were indirectly associated with pastureland displacement by bioenergy plantations (i.e., indirect land-use change). Given that global meat consumption continues to rise (McAlpine et al. 
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bio energy crops such as perennial rhizo matous grasses (PRGs; e.g., Panicum, Miscanthus) are fundamentally different from food crops in that they use the C 4 photosynthesis pathway, which significantly improves light-use efficiency and maximizes productivity (Heaton et al. 2004 ). However, PRGs achieve higher light-use efficiency at the cost of energy (Heaton et al. 2004 ), which reduces their competitive advantage in suboptimal growing conditions (e.g., in nutrient-poor, dry, or cold climates). Therefore, PRGs could significantly increase yields in agricultural systems in which less-efficient food crops are currently grown and in which nearly optimal conditions are maintained (Heaton et al. 2008 ). On natural landscapes however, C 4 species are already distributed according to climate and nutrient availability, which limits the potential of PRGs to improve natural productivity without fertilization or irrigation inputs.
Under suboptimal growing conditions, light-use efficiency can be increased by reducing growth constraints (e.g., temperature, precipitation, nutrients) through management (e.g., irrigation, fertilization), which results in increased photosynthesis per unit of time (Long et al. 2006 ). However, evidence suggests that the global rates of irrigation and fertilization are approaching peak levels in many regions, with significant associated detrimental impacts. For instance, global groundwater depletion more than doubled from 1960 to 2000, mainly because of increased rates of irrigation . Given that 40% of the global food supply comes from irrigation-dependent croplands (Gleick 2003) , a more likely scenario for the future may be decreased global yield potentials as irrigation limits are reached and droughts become more frequent (Gleick 2003 , Dai 2011 . Similarly, current fertilization demand has more than doubled global reactive nitrogen availability, which has resulted in extensive eutrophication of freshwater and coastal zones, along with increased emission of the potent greenhouse gas nitrous oxide, a trace gas with a global warming potential roughly 300 times greater than an equal mass of carbon dioxide . Therefore, any productivity increases associated with future increases in irrigation or fertilization will be at the cost of freshwater (light-interception efficiency) or enhanced efficiency of the conversion of captured light into biomass (light-use efficiency), neither of which are likely near-future scenarios. Under optimal growing conditions (i.e., no temperature, moisture, or nutrient constraints), Long and colleagues (2006) suggested light-interception efficiency as near a theoretical maximum for major crops, leaving only light-use efficiency as a mechanism to increase productivity. However, despite a long history, genetic manipulation by plant breeding has yet to significantly enhance light-use efficiency per unit area (Richards 2000) , which partially explains why agricultural yield-increase rates have been declining since the Green Revolution (Funk and Brown 2009). Next-generation (see table 3b for more detail). We show that a number of recent studies used yield-potential values higher than maximum natural yield potentials, which we attribute to overoptimistic assumptions regarding the availability of management practices or to an unrealistic consideration of biophysical constraints on yield potential.
